Making good decisions requires people to appropriately explore their available options and generalize what they have learned. While computational models can explain exploratory behavior in constrained laboratory tasks, it is unclear to what extent these models generalize to real world choice problems. We investigate the factors guiding exploratory behavior in a data set consisting of 195,333 customers placing 1,613,967 orders from a large online food delivery service. We find important hallmarks of adaptive exploration and generalization, which we analyze using computational models. In particular, customers seem to engage in uncertainty-directed exploration and use feature-based generalization to guide their exploration. Our results provide evidence that people use sophisticated strategies to explore complex, real-world environments.
exploration and generalization that have been previously iden-23 tified in the lab. This allows us not only to characterize these 24 phenomena in a naturally incentivized setting with abundant 25 and multi-faceted stimuli, but also to weigh in on existing 26 debates by testing competing theories of exploratory choice. 27 We address two broad questions. First, how do people make quantitative predictions about how feature-based simi-37 larity should govern generalization, which can in turn guide 38 choice. But again it is unclear whether these theories can 39 successfully predict real-world choices. 40 Our results suggest that customers explore (i.e., order from 41 unexperienced restaurants) adaptively based on signals of 42 restaurant quality, and make better choices over time. ration is indeed risky and leads to worse outcomes on average, 44 but people are more likely to explore in cities where this down-45 side is lower due to higher mean restaurant quality. Moreover, 46 we show that customers' exploratory behavior might not only 47 take into account the prospective reward from choosing a 48 restaurant, but also the degree of uncertainty in their reward 49 estimates. Consistent with an optimistic uncertainty-directed 50 exploration policy, they preferentially sample lesser known 51 options and are more likely to reorder from restaurants with 52 higher uncertainties. 53 Importantly, we apply cognitive and statistical modeling 54 to customers' choice behavior and find that their choices are 55 best fit by a model that includes both an "uncertainty bonus" 56 for unfamiliar restaurants, and a mechanism for generalization 57 by function learning (based on restaurant features). People 58 appear to benefit from such generalization, as exploration 59 yields better realized outcomes in cities where features have 60 more predictive power. We also show that people generalize 61 their experiences across different restaurants within the same 62 broad cuisine type, defined both empirically within the data 63 set, and by independent similarity ratings. As predicted by a 64 combination of similarity-based generalization and uncertainty-65 directed exploration, good experiences encourage selection of 66 other restaurants within the same category, while bad experi-67 ences discourage this to an even greater extent.
68

Significance Statement
We study how people make choices among a large number of options when they have limited experience. In a large data set of online food delivery purchases, we find evidence for sophisticated exploration strategies predicted by contemporary theories. People actively seek to reduce their uncertainty about restaurants, and employ similarity-based generalization to guide their selections. Our findings suggest that theories of exploratory choice have real-world validity.
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environments than in poor environments, consistent with a 123 form of adaptive generalization across options. an underlying function. Participants used a combination of 128 functional generalization and directed exploration to learn the 129 underlying mapping from context to reward (see also (22)).
130
Results
131
We looked for signatures of uncertainty-guided exploration 132 and generalization in a data set of purchasing decisions from 133 the online food delivery service Deliveroo (see Materials and 134 Methods for more details), using both statistical and cognitive 135 modeling. Further analyses and details can be found in the 136 SI Appendix. In the first two sections of the Results, we 137 provide some descriptive characterizations of the data set. In 138 particular, we show that customers learn from past experience 139 and adapt their exploratory behavior over time. Moreover, 140 exploration is systematically influenced by restaurant features 141 and hence amenable to quantification. We then turn to tests 142 of our model-based hypotheses. We find that customers' ex-143 ploratory behavior can be clustered meaningfully, exhibits 144 several signatures of intelligent exploration which have previ-145 ously been studied in the lab, and can be captured by a model 146 that generalizes over restaurant features while simultaneously 147 engaging in directed exploration.
148
Learning and exploration over time. We first assessed if cus-149 tomers learned from past experiences, as reflected in their 150 order ratings over time (Fig. 1a ). The order rating is defined 151 as customers' evaluation on a scale between 1 (poor) and 5 152 (great). Customers picked restaurants they liked better over 153 time: there was a positive correlation between the number of 154 a customer's past orders and her ratings (r = 0.073; 99.9% CI: 155 0.070, 0.076, see SI for further analyses).
156
Next, we assessed exploratory behavior by creating a vari-157 able indicating whether a given order was the first time a 158 customer had ordered from that particular restaurant-i.e., 159 a signature of pure exploration (20) . Figure 1b shows the 160 averaged probability of sampling a new restaurant over time 161 (how many orders a customer had placed previously).
162
Customers sampled fewer new restaurants over time, leading 163 to a negative overall correlation between the number of past 164 orders and the probability of sampling a new restaurant (r = 165 −0.139; 99.9% CI: −0.142, −0.136). Exploration also comes 166 at a cost ( Fig. 1c ), such that explored restaurants showed a 167 lower average rating (mean rating=4.257, 99.9% CI: 4.250, 168 4.265) than known restaurants (mean rating=4.518, 99.9% CI: 169 4.514, 4.522).
170
Customers learned from the outcomes of past orders. Fig-171 ure 1d shows their probability of reordering from a restaurant 172 as a function of their reward prediction error (RPE; the differ-173 ence between the expected quality of a restaurant, as measured 174 by the restaurant's average rating at the time of the order, 175 and the actual pleasure customers perceived after they had 176 consumed the order, as indicated by their own rating of the 177 order). RPEs are a key component of theories of reinforce-178 ment learning (23), and we therefore expected that customers 179 would update their sampling behavior after receiving either 180 a positive or a negative RPE. Confirming this hypothesis, 181 customers were more likely to reorder from a restaurant af-182 ter an experience that was better than expected (positive 183 RPE: p(reorder)=0.518, 99.9%; CI: 0.515, 0.520) than after 184 an experience that was worse than expected (negative RPE: 185 p(reorder)=0.394, 99.9%; CI: 0.391, 0.398). The average cor-186 into account how long it would take to plausibly prepare and 210 deliver a good meal when deciding which restaurants to explore.
211
The average rating of a restaurant also affected customers' 212 exploratory behavior (Fig. 2c) : higher ratings were associated 213 with a higher chance of exploration (r = 0.038; 99.9% CI: tried more frequently are intrinsically less likely to be explored 219 for the first time. We therefore repeated this analysis for all 220 restaurants that had been rated more than 500 times, yielding 221 a correlation of r = −0.034 (99.9% CI: −0.042, −0.026). We standardized and entered all of the variables into a 223 mixed-effects logistic regression modeling the exploration vari-224 able as the dependent variable and adding a random in-225 tercept for each customer (see SI for full model compari-226 son). We again found that a smaller number of total ratings 227 (β = −0.475), a higher average rating (β = 0.086), and a 228 lower price (β = −0.014) as well as a quadratic effect of time 229 (β Linear = −0.025, β Quadratic = 0.015) were all predictive of 230 customers' exploratory behavior.
222
231
In summary, exploration in the domain of online ordering is 232 systematic, interpretable and amenable to quantification. We 233 next turned to an examination of our model-based hypotheses 234 concerning directed exploration and generalization.
235
Signatures of uncertainty-directed exploration 236 We probed the data for signatures of uncertainty-directed ex-237 ploration algorithms that attach an uncertainty bonus to each 238 option. One such signature is that directed and random explo-239 ration make diverging predictions about behavioral changes 240 after either a positive or a negative outcome. Whereas random 241 (softmax) exploration predicts no difference between the extent 242 of sampling behavior change following a better-than-expected 243 outcome versus following a worse-than-expected outcome, di-244 rected exploration predicts a stronger increase in sampling 245 behavior after a worse-than-expected outcome (see SI). This is 246 there should be greater change in customers' sampling behavior 252 after a bad than after a good outcome. 253 We verified this prediction by calculating the Shannon en-254 tropy of customers' next 4 purchases after having experienced 255 either a better-than or a worse-than-expected order. The cal-256 culated entropy was higher for negative RPEs (Fig 3a; 1 all past rating as well as a summary that shows the distribution 266 over ratings). We then compared the reorder probability for 267 restaurants with a high vs. low relative rating variance, based 268 on a median split (Fig. 3b ). This probability was higher for 269 restaurants with high relative variance than for restaurants 270 with low relative variance for both negative and positive RPEs.
D R A F T
271
Thus, customers were more likely to return to restaurants with 272 higher relative uncertainty. 273 We also assessed customers' exploratory behavior in depen-274 dency of the differences in ratings for a given restaurant as To further validate these findings, we fit a mixed-effects 296 logistic regression, using the exploration variable as the depen-297 dent variable. For the independent variables, we used the mean 298 difference in ratings between the restaurant and the average 299 restaurant within the same cuisine type, a restaurant's relative 300 price, and its relative uncertainty (see Tab. 2). The average 301 value difference (β = 0.114), the relative price β = −0.0876) 302 and the relative uncertainty (β = 0.084) all affected a restau-303 rants' probability to be explored. Thus, even when taking 304 into account a restaurant's price and its ratings, customers 305 still preferred more uncertain options. This provides further 306 evidence for a directed exploration strategy.
307
Signatures of generalization.
Having observed how ex-308 ploratory behavior changes with experience, we investigated 309 how generalization might affect exploration in several ways. 310 First, we looked for evidence of information spillovers by ana-311 lyzing changes in exploration within cuisine clusters. These 312 seven clusters were defined in a data-driven manner based 313 on patterns of consecutive explorations, that is, how one ex-314 ploratory choice predicted the next (see Fig. 4a and Mate-315 rials and Methods). This was also related to a subjective 316 understanding of similarity; the frequency of switching be-317 tween cuisine types was strongly correlated with similarity 318 ratings provided by 200 workers on Amazon Mechanical Turk 319 (r = 0.78; Fig. 5a ). Hinting at strategies of directed explo-320 ration as before, we found that bad outcomes had a larger 321 effect than good outcomes compared to a baseline of aver-322 age switches (Fig. 4b )-customers were especially averse to 323 exploring other restaurants in the same cluster after a worse-324 than-expected outcome (-5.19% ), more than they favored such 325 exploration after a better-than-expected outcome (+2.27%). 326 This suggests that uncertainty-modulated exploration takes 327 into account experiences with different restaurants of similar 328 types. Intriguingly, we also observed that customers tended 329 to switch to exploring "Unhealthy" cuisines after bad experi-330 ences with any other type (+2.72%). This may reflect people 331 balancing differing goals across successive choices (24).
332
Second, we analyzed how exploration is modulated by the 333 distribution of restaurant quality in a city. Gershman et 334 al. (20) showed that participants explore novel options more 335 frequently in environments where all options are generally 336 good. We found evidence for this phenomenon in our data 337 ( Fig. 5b This model was paired with two different policies: stochastic 373 sampling of actions in proportion to their estimated mean 374 quality (GP-M), or with a directed exploration strategy that 375 sampled based on both the mean and an uncertainty bonus 376 (formally, an option's upper confidence bound, GP-UCB). 377 We treated customers' choices as the arms of a bandit and 378 their order ratings as their utility, and then evaluated each 379 model's performance based on its one-step-ahead prediction 380 error, standardizing performance by comparing to a random 381 baseline. Since it was not possible to observe all restaurants 382 a customer might have considered at the time of an order, 383 we compared the different models based on how much higher 384 in utility they predicted a customer's final choice compared 385 to an option with average features out of all the restaurants 386 available in that customer's city. As Fig. 5d shows, the BMT 387 
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